Abstract-This paper describes a predictive and adaptive single parameter motion model for updating roadmaps to correct for respiratory motion in image-guided interventions. The model can adapt its motion estimates to respond to changes in breathing pattern, such as deep or fast breathing, which normally would result in a decrease in the accuracy of the motion estimates. The adaptation is made possible by interpolating between the motion estimates of multiple submodels, each of which describes the motion of the target organ during cycles of different amplitudes. We describe a predictive technique which can predict the amplitude of a breathing cycle before it has finished. The predicted amplitude is used to interpolate between the motion estimates of the submodels to tune the adaptive model to the current breathing pattern. The proposed technique is validated on affine motion models formed from cardiac magnetic resonance imaging (MRI) datasets acquired from seven volunteers and one patient. The amplitude prediction technique showed errors of 1.9-6.5 mm. The combined predictive and adaptive technique showed 3-D motion prediction errors of 1.0-2.8 mm, which represents an improvement in modelling performance of up to 40% over a standard nonadaptive single parameter motion model. We also applied the combined technique in a clinical setting to test the feasibility of using it for respiratory motion correction of roadmaps in image-guided cardiac catheterisations. In this clinical case we show that 2-D registration errors due to respiratory motion are reduced from 7.7 to 2.8 mm using the proposed technique.
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I. INTRODUCTION

I
N RECENT years, the use of medical images to guide interventions has been growing in popularity. Such image guidance systems typically make registered preprocedure images available during interventions. The images are static, so the organ's position and shape is also assumed to be static. For this reason, high accuracy was initially only achieved in rigid, bony regions such as the head. Organs in the chest and abdomen, such as the heart, lungs, and liver, move significantly during respiration. Therefore the accuracy of guidance information during image-guided interventions on these organs is reduced. To overcome this problem, motion models have been proposed that can predict and correct for breathing motion. However, our previous work has suggested that the accuracy of such models can be reduced during nonstandard breathing patterns, such as fast or deep breathing [1] . In this paper, we propose a novel predictive and adaptive motion model that will address this limitation. There are two underlying physiological causes of respiration: movement of the rib cage caused by the rib cage muscles (e.g., intercostals) and contraction of the diaphragm leading to an increase in intrathoracic volume. These two actions cause a reduction in intrapleural pressure and a consequent inhalation of air into the lungs [2] , [3] . A distinction is often made between abdominal and rib cage breathing. Although these do not match exactly with the actions of the diaphragm and rib cage muscles, it can be a useful simplification to make. The relative contributions of rib cage and abdominal breathing during respiration are highly variable. They can vary greatly from subject to subject [4] , and are also dependent on the position of the subject and the rate and depth of breathing being performed. Abdominal breathing is more dominant when the subject is supine, whereas rib cage breathing typically becomes relatively more important when the subject is upright, when tidal volume increases (e.g., the subject breathes deeply) or during fast breathing [5] . Generally, it is clear that changes in breathing rate and volume can lead to changes in the type of respiration (i.e., abdominal or rib cage) that occurs.
Many respiratory motion models in the literature are based on a single respiratory parameter, or surrogate. Previous examples of surrogates used in such models include the 1-D superio-inferior translation of the diaphragm [6] - [8] , a respiratory bellows, and the motion of surface points, such as the chest or abdomen. Our recent work has suggested that such single parameter models can have lower accuracy in the presence of changes in breathing pattern, such as deep or fast breathing [1] . We postulate that this lower accuracy is the result of a change in the relative contributions of the underlying physiological causes of respiration (i.e., abdominal or rib-cage breathing), and hence in the relationship between the single respiratory parameter and the motion. The inability to adapt to such changes is a fundamental limitation of existing single parameter models. One solution to this problem is to introduce extra parameters into the 0278-0062/$26.00 © 2009 IEEE model. For example, physically realistic models of lung motion have been proposed in [9] and [10] , in which the motion is determined by setting multiple boundary conditions as surrogates. Although this produces realistic deformations, it is not always easy to acquire such parameters during an intervention. In [11] , a model of cardiac respiratory motion was built from magnetic resonance imaging (MRI) data based on three surrogate values. The surrogates used were MRI navigators positioned on the dome of the right hemidiaphragm, the chest wall, and the right margin of the heart. This resulted in improved motion predictions. The application in [11] was prospective motion correction for coronary MR angiography, so it was relatively straightforward to acquire the extra parameter values when forming and applying the model. However, when using motion models during image-guided interventions it is often difficult to acquire these extra parameters to apply the model. In [12] the use of extra parameters derived from the first parameter (amplitude and first derivative) was proposed, but no method to estimate the amplitude in real-time was described.
Our adaptive model is based on physiological research [5] suggesting that fast and deep breathing are different in terms of their underlying physical causes. These breathing types tend to occur frequently during interventions in which the patient is sedated. For example, when the patient is nervous, they may breathe quickly, and when they are in discomfort or pain, they may take deep breaths. In our proposed technique, we do not explicitly decouple the underlying physical causes of breathing. Rather, we implicitly decouple them by noting that fast breathing cycles tend to have a smaller amplitude, whereas deep breathing cycles tend to have a larger amplitude. Therefore, for each subject, we form multiple motion models that represent the motion of the target organ during cycles of different amplitudes. The final motion estimate is determined by interpolating between the motion estimates of these models based on the amplitude of the current cycle. We also present a technique that can be used to predict the respiratory amplitude in advance of the completion of each cycle. We demonstrate that the combination of the predictive technique and the adaptive model results in a more accurate respiratory motion correction technique that is suitable for use in a range of image-guided interventions.
Preliminary results of this work have previously been described in [13] . Here, we present some refinements to the adaptive model formation process, more extensive validation and analysis, and describe for the first time the application of the complete predictive and adaptive technique in a clinical setting. Although our technique is general and has a wide range of potential applications, in this paper we focus on building cardiac respiratory motion models from MRI data, using a pencil beam navigator applied on the diaphragm as the respiratory surrogate (this signal has been previously shown to have a good correlation with heart motion [6] - [8] ). We demonstrate application of the model for image-guided cardiac catheterizations on a clinical dataset.
II. METHOD AND MATERIALS
A. Method ( In the following sections, we describe the different stages involved in forming and applying an adaptive affine motion model of the heart from MRI data. To apply this general technique to a different application only the nature of the imaging data, the basic submodels and the surrogate value need be changed (i.e., labels A, C, and E in Fig. 1 ). All other details of the adaptive model and the predictive technique would remain the same.
1) Preprocedure Imaging Data: Two cardiac gated MRI sequences are required to form the basic submodels: a high resolution end-expiration scan to acquire the anatomy and a dynamic scan to acquire the respiratory motion.
The high resolution scan is a respiratory gated free-breathing scan covering the four chambers and major vessels of the heart (3-D balanced TFE, respiratory gated at end-expiration, cardiac triggered and gated at late diastole, typically, 120 sagittal slices, , , , acquired voxel size , acquired matrix size 160 120, reconstructed voxel size , reconstructed matrix size 256 256, scan time approximately 5 min). This scan is also used to form the roadmap for the intervention.
The dynamic scan is a free-breathing scan obtaining a number of near real-time free-breathing acquisitions that cover a range of respiratory positions (3-D TFEPI, cardiac triggered and gated at late diastole, typically, 20 slices, , , , acquired voxel size , acquired matrix size 128 77, reconstructed voxel size , reconstructed matrix size 144 144, TFE factor 26, EPI factor 13, TFE acquisition time 267.9 ms). This sequence is similar to that used previously to form models for motion-corrected MRI image acquisition [6] . For the data used in this paper, we used 120 dynamics to form each adaptive model, resulting in a typical scan time of 2 min. During the dynamic scan, a pencil beam navigator is applied on the dome of the right hemi-diaphragm to estimate its 1-D superior-inferior translation immediately before and after each dynamic acquisition. The average of these lead and trail navigators is used as the respiratory surrogate to form the models. Since the affine motion model we use for the basic submodel models the inspiration and expiration phases separately each acquisition is classified as either inspiration or expiration by comparing its navigator value with that of its predecessor.
Respiratory navigators are widely used for respiratory gating of MRI scans, and are commonly positioned on the dome of the right hemi-diaphragm because of the high contrast between the lung and the liver in this area. Such navigators have also previously been used to form respiratory motion models in [6] , [8] , and [14] .
To ensure that the resulting adaptive model captures the full range of breathing motions, a breathing protocol is used each time the dynamic MRI scan is acquired. In our volunteer experiments, we split the 120 dynamics into three sets of 40, during which the following breathing instructions were given to the subjects:
• first 40 dynamics: no special breathing instructions (i.e., normal breathing); • next 40 dynamics: instructed to breathe quickly (i.e., small amplitude); • final 40 dynamics: instructed to take deep breaths (i.e., large amplitude). The intention of using this protocol was to acquire data for enough different cycles to form three submodels representing the three different breathing patterns. For the patient dataset, we used only normal and deep breathing instructions (for 60 dynamics each), and only two submodels were formed.
2) Amplitude Calculation and Classification:
The submodels are formed by classifying each dynamic into one of categories according to the respiratory amplitude of the breathing cycle it is a part of. We calculate amplitude for each half-cycle, i.e., we compute the differences between the respiratory surrogate values of adjacent extreme (either end-expiration or end-inspiration) positions. Extreme positions are identified as those where the sign of the first time derivative of the surrogate signal changes. For model formation, all dynamics within the half-cycle are assigned the same amplitude value. We compute amplitude for each half-cycle rather each full cycle to allow the model to adapt quicker to changes in amplitude.
Classification of each half-cycle is performed by comparing it's amplitude with predetermined per-category mean amplitude values. Each half-cycle is assigned to the category whose mean amplitude value is closest to it's amplitude. The per-category mean amplitude values are determined from the dynamic scan surrogate values using a clustering technique: the precomputed amplitudes of all half-cycles in the dynamic scan are used as input to the k-means clustering algorithm [15] , which computes mean amplitude values.
In principle, any number of categories can be used. However, for the volunteer experiments presented in this paper, we used three categories, approximately representing fast breaths, normal breaths, and deep breaths. For the patient dataset, we used two categories. Half-cycles with an amplitude less than 5% of the maximum were rejected as they were probably due to noise in the surrogate signal.
As an illustration, Fig. 2 shows the precomputed amplitudes for one volunteer, together with the results of the clustering.
3) Basic Respiratory Model of the Heart: Separate basic submodels are formed for each category based on the classified dynamic scans and associated navigator values. In the basic respiratory models, the motion and deformation of the heart are represented by a set of second-order polynomial functions of nav- ) clustering the amplitudes of half-cycles. The "+" symbols represent the computed amplitudes of all half-cycles in the dynamic scan, plotted against the dynamic number. The dotted lines represent the three mean amplitude values computed using the k-means clustering algorithm. These mean amplitudes were used to classify each half-cycle into one of three categories for forming the adaptive model. The dash-dotted line represents the rejection threshold for very small half-cycles. Two half-cycles around dynamic 70 were rejected because their amplitudes were less than this threshold.
igator value. The motion parameters used to estimate the functions are found by performing an affine intensity-based registration between each dynamic acquisition and the high resolution end-expiration image. The registration maximizes the normalized mutual information between the two images in the area of overlap between them. Each of the 12 affine motion parameters is modelled as two separate polynomial functions: one for inspiration and one for expiration. The classification of dynamic acquisitions into inspiration and expiration is used to determine which dynamics to use for these two functions (the dynamics with the global minimum and maximum navigator values are used for both inspiration and expiration). Modeling inspiration and expiration separately enables hysteretic effects [14] , [16] to be captured by the model. Once the model has been formed, it can produce an estimate of an affine transformation given a navigator value and a breathing direction (i.e., inspiration or expiration). The transformation represents the motion and deformation of the heart from end-expiration to the current respiratory position. This model can predict cardiac respiratory motion to within 2-4 mm [8] .
4) Adaptive Model:
Finally, an adaptive model, , is formed. This consists of a number of basic submodels, , . Our technique for applying the adaptive model consists of two steps. First, we estimate the amplitude of the current half-cycle before it has finished. Next, we use this estimate to interpolate between the motion estimates produced by each of the submodels. In the next section, we describe the amplitude prediction technique, which is expressed in a probabilistic framework. We describe the motion interpolation in the following section.
5) Predicting Amplitude:
Posterior probability: The single respiratory surrogate is considered to be a continuous signal sampled at a number of discrete time points, . At each point, we make an estimate of what the next extreme position of the surrogate signal will be. We define to be a tuple consisting of the sur- rogate value and its first time derivative at point . We denote the actual (unknown) next extreme position of the surrogate by and its current estimate by (see Fig. 3 ). The technique for estimating the next extreme position is based on recursive Bayesian estimation [17] . We attempt to find the estimate of the next extreme position that maximizes the posterior probability of given all previous values of . The posterior probability of is defined as (1) where is the set of all surrogate values/derivatives up to and including position (i.e.,
). Recursive Bayesian estimation is a technique for estimating a sequence of unknown states from noisy measurements. In our case, the unknown states, , represent the next extreme position within a half-cycle, and the measurements are the navigator values and their derivatives at each sample point.
Prior probability: In (1), is the prior probability of the surrogate value of the next extreme position. The form of the prior probability expresses knowledge about likely respiratory amplitudes before the half-cycle begins. Here, we assume that the amplitude will remain approximately constant over a short period of time. The prior probability is modelled as a weighted sum of the last three extreme positions of the same type (i.e., end-expiration or end-inspiration). The form of the prior probability is a Gaussian distribution centered on the value of this weighted sum (2) where is the weighted sum of the previous three extreme positions of the same type,
. The standard deviation of the Gaussian distribution in (2), , is an empirically determined constant (we used a value of 10). In principle more than three previous extreme values could be used but for the experiments presented in this paper we used only the last three. If less than three endcycle positions were available then only those known were used in the weighted sum.
Likelihood: is the likelihood. We can view this as a model of how measurements are made from the unknown states. In our case, it is a model of how a half-cycle of a given amplitude can produce measurements of the navigator value and its first derivative. For example, if the navigator's first derivative is low then it is likely that the next extreme position is either very far (i.e., the half-cycle has only just started) or very near (it has almost finished). This is illustrated in Fig. 3 .
The likelihood estimate is based on previously acquired surrogate data analyzed to determine the relationship between the current surrogate first derivative value and the distance to the next extreme position. We model this relationship as a sine wave of a known amplitude and wavelength. The sine wave allows us to predict what the derivative might be given a possible extreme surrogate value. The form of the likelihood for a possible extreme value is defined by (3) where is the actual derivative at the current point, and is the estimated derivative given that the next extreme position will be . and are the amplitude and wavelength of the sine wave. The values of and represent knowledge of what derivative values and breathing amplitudes respectively are likely in the surrogate signal. These can be chosen empirically for any given type of surrogate signal. For all of the experiments in this paper, the value of was assigned to be the maximum of 15 mm and the previous breathing cycle's amplitude. The value of was dependent on the surrogate type and details will be provided in Sections II-B and III-C. The standard deviation of the Gaussian function in (3), , indicates how much tolerance there is in the derivative estimates.
This was empirically determined, and we used a value of 5 for all experiments. Note that will have two peaks, one at each of the two intersections of the current derivative value with the sine wave. These correspond to the near and far possibilities of the next extreme position illustrated in Fig. 3 . A mask was used to exclude any peaks beyond these two, and also to exclude the possibility that the next peak is before the current surrogate value.
Finally, the divisor in (1), , is the prior probability of the measurements. We assumed this to be uniform.
Based on this formulation, we make an estimate of the next extreme position at time point (4) Because of the limited range of possible values for , a simple linear search is employed to find .
6) Model Interpolation:
Each of the submodels in the adaptive model will normally give a different estimate for each of the motion parameters for any given surrogate value. The adaptive model produces an estimate for each parameter by interpolating between the motion estimates of its submodels based on the current amplitude estimate. We denote by the value of the motion parameter for the submodel using surrogate value . We define the adaptive estimate of each motion parameter by a model based on current surrogate value and current amplitude estimate as
where , a vector containing the estimates for the parameter for each of the submodels. The function is an interpolant. For the experiments presented in this paper, was a linear interpolation function. More complex interpolants could also be used.
B. Experiments
We validate each component of the predictive/adaptive model separately using data acquired from seven volunteers and one patient. First, we test the effectiveness of the amplitude prediction technique alone using the MRI navigator values as the respiratory surrogate. We also test the frequency sensitivity of the amplitude prediction technique using diaphragm tracking data acquired from X-ray images on the patient dataset. Next, we validate the performance of the combined predictive and adaptive technique using MRI image data and surrogate values. Finally, we illustrate how the overall system (i.e., formation of an adaptive model and application of the model using the amplitude prediction technique) could be applied in a clinical setting on the patient dataset. Our clinical application is motion-correction of roadmaps in image-guided cardiac catheterizations [8] , [18] using a hybrid X-ray/MR (XMR) catheter laboratory.
1) Materials:
The predictive technique and adaptive model volunteer experiments were performed using data acquired from a 1.5 T Philips Achieva MRI scanner. The clinical data was acquired in an XMR catheter laboratory featuring a 1.5 T Philips Achieva MRI scanner and a Philips BV Pulsera mobile cardiac X-ray system. The patient could be easily moved between the two devices on a sliding bed.
Seven volunteer datasets and one patient dataset were acquired. Volunteers A-G consisted of six males and one female who were aged between 21 and 33 years. Patient A was male, aged 55 years, and underwent a pulmonary vein ablation procedure to treat atrial fibrillation. During preprocedure imaging, the volunteers and patient did not undergo any treatment and were only asked to follow the breathing protocol. Prior to the procedure the patient was sedated and remained so throughout the procedure. All subjects gave informed consent.
For the patient, the breathing protocol mentioned in Section II-A3 was modified slightly so that only two breathing patterns were performed: normal and deep breathing. For all volunteers three patterns were performed: normal, fast, and deep breathing.
2) Amplitude Prediction: To validate the predictive technique, the navigator values from the dynamic MRI scans were processed using the proposed technique and end-cycle values were predicted for each sample point. The sequence of navigator values was subsequently processed to determine the true end-cycle values. These were used as the gold standard. The results of the predictive technique were compared to this gold standard. To show the benefit of using the Bayesian approach we tested the use of only the prior probability and also the full Bayesian technique in this way.
The value of the constant in the likelihood calculation in (3) was set to 20 for all experiments involving the MRI navigator as the surrogate signal.
Obviously, the performance of the amplitude prediction technique will be dependent on the frequency of the breathing cycles in the surrogate signal (this will affect the accuracy of estimating the derivative of the surrogate). We can simulate a change in the frequency of a signal by altering the sampling rate whilst keeping the time step between adjacent samples fixed. Therefore, to test the sensitivity of the technique to changes in frequency, we ran the amplitude prediction technique on a real diaphragm tracking sequence from a clinical case for patient A (a subset of the complete sequence for the procedure). The diaphragm was tracked from fluoroscopic X-ray images (see Section II-B4 for details). The algorithm was run on the original signal, and also versions of the signal that had been subsampled by different factors. The accuracy results for the different signals were compared to the result obtained by using the prior probability alone (i.e., that the current half cycle's amplitude will be a weighted sum of the previous three half cycle's, as described in Section II-A5).
3) Adaptive Model: To validate the formation of the adaptive model we used a leave-one-out test. Recall that normally the adaptive model would be formed from the results of registering 120 dynamic acquisitions to a high resolution volume. In the leave-one-out test, we formed 120 separate adaptive models by leaving out each of the registration results in turn. Therefore each of these 120 adaptive models was formed from 119 registration results. Each of these models was used to predict the registration result for its left-out dynamic based on its MRI navigator value. The predicted registrations were compared with the actual registration results. Errors were computed at ten clinically relevant anatomical landmarks. The landmarks were the centers of the four pulmonary vein ostia (left upper, left lower, right upper, and right lower pulmonary veins), the centers of the junctions of the right atrium with the inferior and superior vena cava, the tricuspic valve, and three points on the interventricular septum.
Using this validation, we tested three different techniques for forming and applying the motion model. For each left-out dynamic, the models for the three techniques were formed from exactly the same data. Only the technique for forming and applying the model differed. The three techniques were as follows.
1) A single basic model formed as described in Section II-A3 from all 120 dynamic scans. The motion prediction was made using the MRI navigator alone. 2) An adaptive model with perfect knowledge of the cycle amplitudes. The adaptive model was formed based on "true" amplitude values computed and classified by postprocessing the MRI navigator signal. The motion prediction was made by the adaptive model using the same "true" amplitude values together with the MRI navigator value. 3) An adaptive model using the amplitude prediction technique. The adaptive model was formed using the "true" amplitudes as above, but the motion predictions were made using amplitude values computed using the amplitude prediction technique. Note that technique 3 is the clinically realistic case. It would normally not be possible to use the "true" amplitude value when applying the model as technique 2 does. Therefore, the real test of the proposed predictive and adaptive method is to compare technique 3 with technique 1. We introduce technique 2 in order to be able to test the impact of imperfect knowledge of the amplitudes on the overall accuracy of the adaptive model. This can be done by comparing techniques 2 and 3. Finally, by comparing techniques 1 and 2, we test the effectiveness of forming an adaptive model rather than a basic model. By giving the model perfect knowledge of the amplitudes when making motion predictions we exclude the impact of imperfect knowledge of the amplitudes from this validation.
4) Clinical Application:
We illustrate how the overall system (i.e., formation and application of the predictive and adaptive model) can be applied in a clinical setting by using it for respiratory motion correction of roadmaps in an image-guided cardiac catheterization in an XMR catheter laboratory [8] , [18] . This image guidance technology enables a roadmap derived from MRI data to be overlaid onto real-time X-ray fluoroscopy images. To perform respiratory motion correction of the roadmap a motion model is formed from MRI images and applied during the procedure by tracking the superio-inferior motion of the diaphragm in the X-ray images [8] . Diaphragm tracking is performed by defining a rectangular region of interest in the X-ray images, and finding the 1-D translation that minimizes the mean sum of squared intensity differences within this region between each X-ray image and a reference image. Since the motion model is based on gated MRI data acquired during the late diastolic rest period of the heart, the X-ray images were cardiac gated to late diastole. Therefore, no cardiac motion correction is performed. Amplitude prediction errors for the original signal (subsample factor = 1) and for subsampled versions of the signal. The dotted line shows the error for using the prior probability only. The Bayesian technique degrades (i.e., performs worse than the prior only technique) at a subsample factor of 3 or greater in this case. It can be seen from (a) that this is when the subsample factor approaches the number of samples in a typical half-cycle of the original signal.
We formed an adaptive motion model for the patient from MRI data acquired before the procedure. Referring back to Fig. 1 , label A corresponds to the MRI data and labels B-D represent the formation of the adaptive model from this data. During the procedure X-ray image sequences were acquired showing the motion of the patients' diaphragm over several breathing cycles. The diaphragm motion was tracked as described above (label E in Fig. 1 ). This tracking information was used as the input surrogate signal for the amplitude prediction technique (label F). The surrogate values and the estimated amplitudes were used as inputs to the adaptive model (label G). The transformations produced by the adaptive model were applied to the roadmap. When applying the predictive technique on this X-ray derived surrogate signal the value of the constant in the likelihood calculation in (3) was set to 10. Recall that this value reflects knowledge of likely values of the surrogate signal's first derivative. Therefore it's value will be dependent on the sampling rate of the surrogate signal.
Accuracy assessment was performed by overlaying a roadmap showing the coronary sinus onto X-ray images that showed a coronary sinus catheter positioned inside this vessel. Since the catheter shows up well in X-ray images the error between the overlay and the underlying anatomy can be assessed. Errors were assessed before and after motion correction using the adaptive model. Table I shows the mean prediction errors for the seven volunteers and the patient dataset. Every subject shows lower errors for the Bayesian approach compared to using the prior only approach. This shows the benefit of adapting amplitude predictions based on the current surrogate derivative value. When the amplitude changes by a large amount from one half-cycle to the next the prior only amplitude prediction has significant errors whereas the Bayesian technique is able to detect the change in derivative value and adapt its amplitude estimate accordingly. Mean errors using the Bayesian approach vary from 1.9 mm to 6.5 mm. The errors for volunteer D show a high standard deviation. This was due to a sudden change from quick breathing to very deep breathing that caused high errors in a small part of the sequence. However, it is clear that the Bayesian approach was able to adapt better to this change than the prior only approach. Fig. 4(b) shows the results of the frequency response experiment. We can see that on the original signal the Bayesian technique outperforms the prior only approach, but it degrades as the subsample factor reaches 3 or higher. We can see from Fig. 4(a) that this is when the sampling rate approaches the number of samples in an average half-cycle in the original signal. This emphasizes the dependence of the amplitude prediction technique on acquiring a surrogate signal with a high enough sampling rate (there should be several samples per half-cycle) and a good enough estimate of the surrogate derivative. Note that the Bayesian technique results never degrade completely because they include the prior probability which constrains the result even when the likelihood gives a poor prediction.
III. RESULTS
A. Amplitude Prediction
B. Adaptive Model
The leave-one-out test results for the adaptive models formed for the seven volunteers and the patient dataset are shown in Table II . Recall that the 120 dynamics were divided into three sections, during which the subject breathed normally, quickly, and deeply. We present the mean overall error and also the error for the section that showed the maximum improvement of technique 3 over technique 1. For the patient dataset, only two breathing types were performed (normal and deep) so the 120 dynamics were split into two sections of 60 dynamics each. Comparing the first and second techniques in Table II shows that the adaptive model has the potential to significantly improve the accuracy of motion models, if it has knowledge of the true amplitude of each half-cycle. Comparing the second and third techniques shows that the amplitude prediction technique is performing well, as the errors are very similar for the two approaches. In all eight cases the predictive-adaptive technique gave statistically significant improvements over the single model ( in a one-tailed, paired student's t-test), with a maximum improvement of 40%. The maximum improvements were typically found during the nonstandard breathing patterns (i.e., quick and deep) suggesting that the single basic model does not adequately capture the organ motion during these patterns, whereas the predictive and adaptive technique does.
A sample parameter plot from the adaptive model for volunteer D is shown in Fig. 5(a) . This shows the relationship between the anterior-posterior translation and the surrogate value for the three submodels. It is clear that there are significant differences between the motion patterns for cycles of different amplitudes. In particular the submodel for cycles of large amplitude has a strong hysteresis effect (i.e., there is a large difference between the inspiration and expiration curves). The other two submodels approximately follow the inspiration curve for the large cycle submodel. Using a normal single parameter motion model could lead to errors of up to 4 mm in this parameter alone. Fig. 5(b) shows a plot of the superio-inferior translation from the adaptive model for volunteer F. In this case, little hysteresis is present in any of the submodels. However, there is a significant difference in the slopes of the curves, this time between the submodel for cycles of small amplitude and the other two submodels. Errors of up to 3 mm could result from using the wrong submodel. In both cases, the predictive and adaptive technique would have much improved performance, as with a reasonable amplitude estimate it would apply a motion estimate from the appropriate submodel(s). Table III shows a quantification of the variation of the parameter values for the different submodels. Only three of the parameter values are shown (the anterio-posterior translation, Fig. 5 . Sample plots to illustrate the adaptive model. The dotted, solid and dashed curves represent the submodels for small, medium and large amplitudes respectively. There are two curves for each submodel: one for inspiration and one for expiration [8] . (a) Plot of the anterio-posterior translation from the adaptive model formed for vol. D. Note the strong hysteresis effect for cycles of large amplitude, i.e. there is a large difference between the inspiration and expiration curves. Both inspiration and expiration curves for cycles of small and medium amplitude approximately follow the inspiration curve for large amplitude cycles. An error of up to 4 mm could result in this parameter alone if a submodel for the wrong amplitude was applied for this volunteer. (b) Plot of the superio-inferior translation from the adaptive model formed for vol. F. In this case there is little hysteresis in any of the submodels but the curve for cycles of small amplitudes is significantly different to those for medium and large amplitude. In this case a potential error of up to 3 mm would result from selecting the wrong submodel. the superio-inferior translation, and the medio-lateral axis rotation) because we have previously found them to be the dominant modes of motion in cardiac respiratory motion [8] . Because some parameters commonly have an almost linear relationship with the surrogate value (e.g., the superio-inferior translation), we present the mean slope of the parameter curves. To quantify the hysteresis effect we present the maximum difference between the inspiration and expiration curves at any point in the breathing cycle. Both the large hysteresis effect in the third submodel for volunteer D [illustrated in Fig. 5(a) ] and the differing slopes in the superio-inferior translation for volunteer F [illustrated in Fig. 5(b) ] can be seen in this table.
C. Clinical Application
The validation results for the predictive technique and the adaptive model for the clinical case (patient A) were presented in Tables I and II. The adaptive model showed a maximum improvement of 7.7% over the normal motion model.
During the catheterization, we applied the model by tracking the diaphragm in a sequence of X-ray images. We mentioned in Section II-B that the value of the constant in the likelihood calculation was set to 10 when applying the model in the clinical application. Fig. 6 illustrates how this number was arrived at. The data points were acquired from sample X-ray surrogate data processed to determine the true relationship between the surrogate derivative and the distance to the next extreme position. The sample X-ray sequence used was from a different clinical case and was not used in the validation. Fig. 7 illustrates the use of the predictive and adaptive technique at a single sample point during the X-ray sequence for patient A. The first derivative of the diaphragm tracking data (in the top figure) at the current sample point is low, so the likelihood (the dashed line in the bottom figure) has two peaks representing possible next extreme positions (the near and far possibilities) at approximately 15 and 35 mm. The prior probability (the dotted line in the bottom figure) is a Gaussian distribution centerd on the expected next extreme position, i.e., that it will be the same as the previous one, 16.5 mm. The posterior probability (the solid line in the bottom figure) is the product of the prior and likelihood. The current peak posterior probability indicates a predicted next extreme position of 14.5 mm, as indicated by the dotted line in the top figure. This corresponds Fig. 6 . Determining the relationship between the current surrogate first derivative and the distance to the next extreme position for X-ray surrogate data. The superio-inferior translation of the diaphragm was tracked in a sequence of fluoroscopic X-ray images. This tracking data was processed to determine true extreme positions, where the sign of the first derivative of the tracking data changed. For each sample point, the derivative and the distance to the next extreme was computed. The sine wave is an approximate fit to this data and allows a distance to the next extreme position to be estimated based on a surrogate's derivative value. This relationship must be determined once for each surrogate signal type.
roughly to the peak in the likelihood representing the near possibility. The amplitude prediction error over the entire X-ray sequence was 2.8 mm 3.0 mm using the prior probability only, and 2.0 mm 3.0 using the Bayesian technique. Fig. 7 . Validating the amplitude prediction technique on X-ray diaphragm tracking data from patient A: Top-the diaphragm tracking data up to the current X-ray frame; bottom-using the prior and likelihood to compute the posterior probability of the next extreme position. The predicted position is at the peak of the posterior probability (7.2 mm). This prediction is shown as the dotted line in the top figure. Fig. 8 shows three sample X-ray frames, all acquired at late diastole and full inspiration. The coronary sinus catheter is indicated by the yellow arrow in Fig. 8(a) . The red overlays represent the roadmap, which is a rendering of the coronary sinus segmented from the preprocedure MRI volume. The left column in Fig. 8 shows the overlays before motion correction, and the right column shows the overlays after motion correction. The misalignment between the catheter and the overlay was assessed in each image by manually localizing five points on the catheter and the closest points to each on the center line of the vessel overlay. The root mean square (rms) and maximum errors before motion correction were estimated to be 7.7 and 11.9 mm, respectively. The same figures after motion correction were 2.8 and 4.1 mm.
IV. DISCUSSION
We have described a technique for constructing and applying single parameter motion models that has the capacity to adapt to different breathing patterns. The proposed technique is a combination of an adaptive motion model and an amplitude prediction technique. Validation of the amplitude prediction technique has indicated that the Bayesian approach offers significant improvements over the prior-only approach. This is due to being able to react to changes in the first-derivative of the surrogate value that signal a change in amplitude before the half-cycle has completed. For the adaptive model, it is important that a reasonable amplitude estimate is formed as early as possible in the half-cycle, to ensure that the appropriate submodel(s) can be used to compute the motion estimate. Results have shown that the combined predictive and adaptive technique gives significant improvements in modelling performance over normal single parameter respiratory models. Our results suggest that the magnitude of the improvement achieved seems to be subject dependent. The reason for the improvements can be seen from Fig. 5 : altering the amplitude of respiration causes a modification to the relationship between the single respiratory parameter and the motion of the organ. The likely underlying cause for this modification is a change in the actions of the different muscles involved in respiration. This change has long been appreciated in the physiology literature [4] , [5] . More recently, Nehrke et al. [16] proposed that a change in the interplay of the respiratory muscles between inspiration and expiration is a likely cause for the hysteresis effect observed in respiratory motion.
(Results presented in [16] suggest that the change in motion due to hysteresis can be as large as 5 mm in the left ventricle of the heart.) Therefore, it seems likely that the changing actions of these muscles during different breathing patterns will also cause changes to the motion function, whether due to variation in the amount of hysteresis [as in Fig. 5(a) ] or because of other changes in the nature of the motion [as in Fig. 5(b) ]. Note that we do not explicitly decouple the effects of rib-cage and abdominal breathing. Rather, the decoupling is performed implicitly by separating the motion models into different amplitude categories.
Validation of the adaptive model was performed using a leave-one-out test on the registration results of the free-breathing dynamic scan. This effectively excludes any registration errors from the final error assessment-we are evaluating the technique's ability to predict the correct registration given a navigator value and an estimated amplitude. Therefore, we cannot interpret the figures in Table II as true target registration errors. However, they are useful for comparing the performances of the different modelling techniques. Errors were between 1.0-2.8 mm (see Table II ). Validation of the amplitude prediction technique alone showed errors of 1.7-6.5 mm (see Table I ). It should be noted that amplitude prediction errors are also included in the adaptive model errors given in Table II . Therefore it seems that the impact of the amplitude prediction errors is reasonably small. The likely reason for this is that the amplitude prediction errors are small compared to the overall breathing depth (see Table I ).
We have also demonstrated how the proposed predictive and adaptive technique can be used in a clinical setting, applying it to motion correction of roadmaps in image guided cardiac catheterizations. Validation on this case showed that the model reduced 2-D registration errors from 7.7 mm rms to 2.8 mm rms. We did not perform a direct comparison of 2-D registration errors between the adaptive motion model and the basic motion model as described in [8] because other sources of error and uncertainty (e.g., initial registration error, diaphragm tracking error, errors in segmenting the coronary sinus) would make this comparison unreliable on a single dataset.
For the experiments presented in this paper, we used three submodels to form an adaptive model for the volunteer datasets, and two submodels for the patient dataset. In principle, more than three submodels could be used, but we believe that the limited benefit that this would bring would be outweighed by the increased MRI scan-time that would be necessary to acquire the data. Currently, the proposed technique has a minimal effect on the clinical workflow due to the short additional scan time required.
We have used a formulation based on recursive Bayesian estimation to predict the next extreme respiratory position based on measurements of the current surrogate value and its first time derivative. An alternative, widely applied, predictor is the Kalman filter [19] , which predicts the true state of a variable given noisy observations. In fact, recursive Bayesian estimation can be seen as a generalization of the Kalman filter. We believe that in our application there are difficulties with using the Kalman filter that make the more general theory of recursive Bayesian estimation more appropriate. The Kalman filter involves defining an observation model which maps from the true state to observed (noisy) values. The noise model for this mapping is assumed to be normally distributed. However, in our formulation, as we can see from Fig. 3 , a single surrogate derivative value can map to two possible extreme values, the near and far possibilities. Therefore, a one-to-one observation model could not be defined unless a nonnormal noise model was used. Recursive Bayesian estimation allows us to define a more complex model for the likelihood, as illustrated in Fig. 7 .
An alternative approach to forming the submodels for different amplitude ranges would have been to form a two parameter model based on the surrogate value and the amplitude [12] . However, such an approach may have required a larger amount of data to fill the parameter space sufficiently to enable production of an accurate two parameter model. We chose instead to use a small number of single parameter submodels and interpolate between them. The breathing protocol for the dynamic scan was designed to acquire enough data of different amplitudes to form accurate single parameter models of the motion.
Our hypothesis in developing this model was that changes in respiratory amplitude would lead to different types of motion as a function of the single respiratory parameter. The results presented in this paper have supported this hypothesis: if the motion function was the same during different breathing patterns then the adaptive model would not perform any better than a single basic model. An interesting area for future work is to investigate whether other predictors could be used to adapt a motion model, instead of or as well as the amplitude. Other possibilities that we plan to investigate include the wavelength, frequency, and the offset of the surrogate signal (i.e., the value of the surrogate at the beginning of a breathing cycle). However, it should be noted that including more than one such predictor into the adaptive model would increase its complexity. For example, to include both amplitude and offset would require nine submodels to be formed instead of three, to cover all possible combinations of values for the predictors. Consequently, this would require significantly more data and computation time to form these submodels. In this paper, we have shown how using a single predictor can produce impressive results. Evaluating the effects of further predictors and devising effective strategies to incorporate them into the model remains a significant research challenge. Our proposed technique has also offered a potential solution to the problem raised by the changing motion function. The adaptive model has the advantage of simplicity of application, in that we still only need to acquire a single parameter during the procedure. The improved accuracy of the technique could have potential benefit in a range of clinical applications. For example, in cardiac catheterizations, image guidance could be employed in a number of procedures that are currently not feasible due to their higher accuracy requirement. In lung radiotherapy, treatment margins could be reduced due to improved respiratory motion correction. The degree of improvement that will be achieved in other applications may vary from organ to organ, and will depend on the degree to which the organ's motion is affected by changes in breathing pattern. Intuitively, it seems possible that similar improvements to those found in the heart (i.e. up to 40%) could be achieved, but this hypothesis requires further verification and research.
